This paper documents, using county level data, some geographical features of the US business cycle over the past 30 years, with particular focus on the Great Recession. It shows that county level unemployment rates are spatially dispersed and spatially correlated, and that both these characteristics increase during recessions. It then shows that these features of county data can be generated by a model which includes simple channels of transmission of economic conditions from a county to its neighbors. The model also suggests that these local channels might matter a great deal for the amplification of aggregate shocks.
Introduction
This paper has two main objectives. The first is to document, using county level data, some geographical features of the US business cycle over the past 30 years, with particular focus on the Great Recession. The second is to argue that the geographical dimension is important in explaining the transmission and amplification of business cycles across time and across space.
Our main message is that, when seen from the geographical perspective, recessions are not a pure aggregate phenomenon. The local transmission of shocks plays an important role in the amplification and propagation of aggregate shocks. Recessions start in a few, localized, geographic areas and from here spread to nearby regions and, over time, to the rest of the country. This phenomenon translates into an inverted U-shaped dynamics for the standard deviation and spatial correlation of local unemployment rates. In this paper we first document these patterns and then propose a model of real business cycles that incorporates the geographic dimension and is able to generate patterns for local unemployment rates that are consistent with the time series as well as the geographic features of the data.
Using monthly data on unemployment rates at the county level, we analyze the onset and spreading of recessions over the last three decades. We show that unemployment initially rises sharply in some, but not all, counties. This implies that at the start of a recession the dispersion of unemployment rates across counties typically increases. Moreover, we find that the counties in which unemployment first rises tend to be located close to each other, generating clusters of counties characterized by high unemployment rates, which in turn drive up spatial correlation. As the recession progresses, the increase in unemployment becomes more generalized across counties, the dispersion in unemployment rates across counties decreases and this generates a fall in the spatial correlation. These patterns, resembling an inverted U, are observed for most recessions in our sample, with the exception of the 2001 recession and are only partially explained by common economic and demographic characteristics The patterns also persists if one controls for cyclical movement in local unemployment that are attributable to similarity in industrial composition for counties that are clustered together.
These facts suggest that geographic transmission might play an important role in amplifying and propagating an aggregate shock. To explore this hypothesis more precisely, in the second part of the paper we develop a very simple model of business cycle across time and space. The engine of business cycle is an aggregate shock, but the shock initially hits different counties in a heterogeneous manner, depending on county specific conditions. For example a county which has a very favorable local productivity condition might not be as severely affected by the aggregate shock.
In this environment we introduce two channels of geographic transmission. The first is that local conditions of neighboring counties might be contemporaneously correlated. For example, if demand is high in a given county because of high productivity in that county, that will keep unemployment low in that county and, through local trade, in neighboring counties. The second channel is the effect of unemployment in a given county today on future unemployment in neighboring counties through migration and commuting,.
We then calibrate this model using several moments of aggregate employment and of county level unemployment. We go on to show that the calibrated version of the model can generate the patterns of spatial correlation and spatial dispersion mentioned above. We finally use the model to assess the importance of the two channels of geographic transmission for aggregate unemployment dynamics and find that both channels are responsible for a significant amplification of aggregate shocks. In particular an aggregate shock that causes an increase in unemployment of 3.5% with local transmission channels causes a far lower increases in unemployment without it, between 0.5% and 1.4%. The intuition for this result is that when local economic conditions are correlated, county idiosyncratic conditions tend to average out and to be more concentrated around the mean, and, as a consequence, aggregate shocks can have a more widespread effect. 1 .
In terms of literature this paper integrates two different lines of research: the macro literature on business cycles, that analyzes the factors leading to recessions and their consequences on macro aggregates, and the regional/urban literature, which analyzes the spatial properties of economic phenomena and focuses on explaining differences in local outcomes. Standard business cycle models ignore spatial heterogeneity, and standard spatial models ignore macroeconomic dynamics over the cycle and in this work we argue that establishing a connection between these two lines of research is fruitful.
Regarding the regional/urban literature the papers that are more related to our work are those 1 For a similar mechanism in a different context see Philippon, 2003 Regions are tightly linked by migration, commuting and interregional trade. These types of spatial interaction are exposed to the frictional effects of distance, possibly causing the spatial dependence of regional labor market conditions. Typically the papers in this literature estimate a significant degree of spatial correlation among unemployment rates in regional labor markets and analyze the role of these different channels in determining it.
Europe, Overman and Puga (2002) conclude that the unemployment rates of European regions are much closer to the rates of adjacent regions than to the average rate of other regions within the same EU country. The spatial concentrations of areas with similar skill composition or sectoral specialization are not found to be the primary cause of this spatial association. The analysis of Niebuhr (2003) also points to a significant spatial dependence in unemployment rates across European regions. Moreover, the evolution of regional unemployment is also marked by spatial effects.
The results suggest that the change in regional unemployment between 1986 and 2000 was associ- Molho (1995) using 1991 British Census data on unemployment rates at the local labor market area level, find significant spillover effects. According to their estimates, a one-time local demand shock has an impact in the short run on the local unemployment rate, as well as ripple effects to neighboring areas. The immediate unemployment effect is strongest in the area where it originated; while the spillover effect is the strongest after a time lag. They interpret this pattern of behavior as being consistent with a (distributed) lagged migration response to a demand shock. Ultimately, the effects of the demand shock were spread evenly across the country.
Our model of spillovers and correlation of economic activity across location is going to be nonstructural but it is inspired by a growing literature (non structural and structural) that studies how shocks to a specific location impact economic outcomes in other locations through migration and other channels (for example learning). See, among, others, Blanchard and Katz, (1992) The paper is structured as follows. Section 2 contains the empirical analysis, Section 3 introduces the model, Section 4 discusses how we set the parameters and Section 5 presents our results. Section 6 concludes.
Empirical Evidence
The main goal of this section is to document several spatial properties of business cycles in the United States. Our main data-set is composed of the monthly unemployment rates for 3065 counties in the continental United States, starting in the first month of 1977 and ending in the last month of 2011, as provided by the Bureau of Labor Statistics (BLS). In the first part of the analysis we focus on the most recent recession, while in the second part of the section, to put things in perspective, we compare the spatial features of the recent cycle with those in previous cycles.
As data from the BLS is not seasonally adjusted we first apply the X12 census procedure to each county level data series to remove seasonal fluctuations. Then, as we want to highlight spatial features of unemployment that are connected to business cycles and not to permanent characteristics of a particular group of counties (for example a group of contiguous counties that are all rural), we remove county fixed effect (i.e. mean unemployment) from each county unemployment series.
So from now on, whenever we refer to county unemployment we always refer to data which is seasonally adjusted and in deviations from long run county mean.
Spatial Patterns of the Great Recession
In figure 1 we use our unemployment data to provide an informal but suggestive illustration of the spatial properties of the recent cycle by plotting several color coded unemployment maps for the counties in our sample. Each map depicts the deviation of unemployment within each county from its long term mean. The first map (the one in the Northwest corner) is for December 2007, the start of the recession, and the last one (the one in the Southeast corner) depicts the spatial distribution of unemployment in December 2009, when aggregate unemployment has reached its peak. 2 Next to each map we report three statistics: The first is simply the aggregate unemployment rate (from the BLS). The second is the standard deviation of unemployment across counties, which captures the spatial dispersion of unemployment deviations from the mean. The third statistic is the spatial autoregressive coefficient which is commonly used in geographical studies to measure the degree of spatial correlation i.e. the overall association between unemployment in each county and unemployment in all nearby counties. 3 The first feature we want to highlight in the December 2007 map (at the start of the recession, when aggregate unemployment is still low), is that the majority of counties have unemployment close to or below their long term mean. As time goes by, unemployment does not increase in all counties simultaneously, rather it first increases in a few specific areas and then spreads from there to the rest of the country, following an epidemic pattern, i.e. increasing first in areas that are closer to areas of high unemployment. This pattern results in an inverse U shape for the spatial dispersion and the spatial correlation over the course of the recession. At the start of the recession unemployment is close or below historical average in most counties, so both spatial dispersion and spatial correlation are relatively low. In particular in December 2007 they are 1.54% and 0.737 respectively. In the midst of the recession unemployment is rising fast but in some concentrated areas is high while in others remains low, so there is higher dispersion and higher spatial correlation: in March 2009 both statistics have increased to 2.25% and 0.821. At the end of the recession unemployment is high in most counties and spatial correlation and dispersion revert to a lower level (2.18% and 0.778).
The evidence displayed in the maps indicates that the location of a given county might be an important determinant of its unemployment dynamics and in particular that its own unemployment 2 For a similar visual analysis see also Egwuekwe, 2011 3 See the appendix for details on how this coefficient is computed might be affected by (and affect) unemployment of its neighbors, suggesting a possible role of geography for the transmission and propagation of business cycle shocks. To better quantify this effect, it is necessary to control for a possible source of geographical correlation which arises from geographical specialization. To make a concrete example, think of the auto industry which is affected heavily by the recession, and which is also geographically concentrated around Detroit.
This fact will be reflected in a high (and increasing in recession) indicator of spatial correlation; but this correlation does not reflect transmission of shocks from one county to the other, but rather a similarity of industrial structure in neighboring counties around Detroit. In order to control for this, in figures 2 and 3 we report time series, during the Great Recession, for spatial dispersion and spatial correlation computed first using county unemployment in deviations from mean (these are the same statistics reported in the maps) and then using the residuals from regressing, period by period, county unemployment on employment industrial composition in 1990 in each county. 4 These controls will pick-up all the variation in county level unemployment that is due to similarity in industrial structure.
The figures show how controlling for industrial composition lowers both the level and the increase of serial correlation during the great recession; nevertheless, both spatial dispersion and serial correlation remain significantly different from zero and increase during the economic downturn, suggesting that geographic transmission of shocks might play an important role during the Great Recession.
Spatial Dispersion and Correlation in Previous recessions
In figures 4 and 5 we report, for all other recessions in our sample, the same statistics we reported for the great recession in figures 2 and 3. The main message we get from these two figures is that spatial dispersion and spatial correlation follow the same inverted U pattern highlighted for the Great Recession, for all past recessions in our sample, with the exception of the 2001 recession, where we register basically no change in spatial dispersion and spatial correlation. We conclude our empirical analysis summarizing its two main findings: the first is that at any point in time unemployment across counties is significantly spatially dispersed and spatially correlated. The second is that during recession both spatial dispersion and correlation tend to increase. Neither of these patterns can be explained simply by differences in industrial composition across locations.
In the next section we argue how these patterns can be important to understand the diffusion and the propagation of an aggregate business cycle shock. 
A mechanical model
In this section we present a simple (and mechanical) model of unemployment in a country with many counties. The purpose of the model is to illustrate and quantify, using the data presented in the previous section to discipline the model, the role of spatial transmission and spatial heterogeneity as a mechanism of amplification and propagation of aggregate shocks. Hence the key elements of the model are a basic geographic structure, a county specific shock, an aggregate shock and a mechanism of interaction between the two. We now describe these elements in detail
Spatial Structure
The economy consists of a finite number of contiguous counties (indexed by i) of equal size, located on a plane as depicted in Figure 6 where each square represent a county. Each county has a set of neighbors which are the counties which share a border with the given county. The county in black in the figure has all the grey counties as neighbors. 
County specific shocks
Unemployment in county i in period t, denoted by u it is modeled as a Markov chain that can take two values, u h and u l ,with u h > u l . In each period, each county draws a fundamental county specific shock that we denote by ε it . With these shocks we want to capture the effects of county specific conditions (i.e. local labor market frictions, local productivity or local demand, etc.) on the dynamics of local unemployment, ceteris paribus. A higher value of the shock here indicates better conditions and, as we'll see later, it pushes down unemployment in that county. We assume that these shocks are independently and identically distributed across counties and across time, according to a uniform distribution with support on the unit interval. We introduce the possibility of spatial transmission by defining an "effective" shock for county i, given bŷ
where λ is a key parameter that captures the simultaneous impact of shocks in its neighbors on county i unemployment. N i is the number of neighbors of county i and w ij is equal to 1 if county j is a neighbor of i and 0 otherwise. The special case in which shocks in neighboring counties do not have any effect on local unemployment dynamics is captured by λ = 0.
We now specify how effective shocksε it affect unemployment transitions by defining a vector of cut-offs, specific for each county, given by
The first term of the vector represents the cutoff for a county which currently has high unemployment: if the county draws an effective shockε it ≤ p + d t + φ j =i w ij u jt−1 then the county will stay in the high unemployment state and ifε it > p + d(s t ) +φ j =i w ij u jt−1 the county will switch to low unemployment. The second term of the vector represents the cutoff for a low unemployment county: if the county draws an effective shockε it ≥ 1 − q + d t + φ j =i w ij u jt−1 then the county will stay in the low unemployment state and ifε it < q + d t + φ j =i w ij u jt−1 the county will switch into high unemployment. These cutoffs have three terms which serve three purposes: the first terms (p and 1 − q) are fixed parameters are there to introduce persistence in the county state (i.e. county unemployment) and they are different as, to be consistent with data, we will want to make the high unemployment state less persistent than the low unemployment employment state (q > p).
The second term d(s t ) captures aggregate shocks which affect all counties while the third term j =i w ij u jt−1 captures the spillover effect that lagged unemployment in neighboring county can have on current unemployment in any given county. We now describe how we model them in more detail.
Aggregate shocks
The second term of the cutoff d(s t ) ≥ 0, is a random variable that is a function of the aggregate state of the economy s t . Notice that when d(s t ) is high the whole economy will have higher unemployment as all counties that are in the high unemployment state are more likely to remain in that state, while all counties with low unemployment are more likey to switch into high unemployment. We assume that s t can be either 1 (expansion) or 0 (recession) and we model the joint statistical processes for d(s t ) and s t as follow If s t = 1 then s t+1 = 1 and d(s t+1 ) = ρd(s t ) with probability η s t+1 = 0 and d(s t+1 ) = d(s t ) + x t with probability (1 − η)
This process is flexible enough to capture recession phases in which the probability of high unemployment can increase sharply for each county, followed by expansion phases in which the same probability gradually declines at a rate governed by the parameter 0 < ρ < 1. Note that if the economy is in an expansion phase in t it will remain in that state with probability η and in that case the term d(s t+1 ) will fall to ρd(s t ). With probability 1 − η the economy will switch into a recession in which case d(s t ) will increase by x t , which is a random variable which uniformly distributed on
Similarly if the economy is in a recession in period t (s t = 0) then it will stay in the recession state with probability γ and in that case d(s t+1 ) will increase to d(s t ) + d(s t ) − d(s t−1 ) which is the state last period plus the original x which was the amplitude of increase in d at the beginning of the recession. With probability 1 − γ the economy exit recession and d(s t+1 ) starts falling at rate ρ. 
Spillovers
The third term of the cut-off φ j =i w ij u jt−1 captures the influence that unemployment in a given county has on the probability of future unemployment in neighboring counties. We now have all the elements to characterize numerically, given an initial distribution of unemployment rates across counties, the evolution of unemployment across counties and across time.
Before we present our results we would like to stress that here both the contemporaneous and the lagged effect of a county on its neighbors are determined by two reduced form parameters λ and φ. Ideally one will want to write down a structural model of a local job market where, because of labor mobility, unemployment in one country can affect future unemployment of its neighbors (see, for example, Patacchini and Zenou, 2006 ) and where common structural shocks (like, for example, technology or preference shocks) can affect contemporaneously unemployment in both counties. So the contribution of this part is not so much to provide a serious attempt to model the interaction of local labor market with aggregate shocks, but rather to provide a simple evaluation tool to assess whether this interaction can be important.
Calibration
In order to characterize the path for local and aggregate unemployment in the economy described above we perform simple simulations. We first assume that the model economy is comprised of 100x30=3000 counties which approximate the US counties (3065) in our data set. We then need to specify values for 10 parameters, which are calibrated to match the 13 moments we report in table 1. We chose as calibration targets what we view as key statistics for characterizing unemployment and unemployment dynamics at the aggregate and county level. In general, with the exception of one target 5 , all targets depend on all parameters so we use a global search algorithm to try to hit all targets. We find that the model does a reasonable job in matching several moments with the possible exception of the autocorrelation at the county level (0.93 in the data and 0.72 in the model), which is possibly due to our approximation of county unemployment rate as a two state Markov Chain. After all parameters are set we can use the model to assess the impact of spatial transmission on the impact and propagation of aggregate shocks. The actual parameter values used in the simulations below are reported in Table 2 . County Level moments are computed using seasonally adjusted county level unemployment with Probability of starting a recession conditional on not being in one 0.014 γ Probability of continuing a recession conditional on being in one 0.94 ρ Rate of decline of high unemployment probability in explansions 0.87
Maximum possible one period increase in unemployment 0.023
Results
Our first result is about the ability of the model of replicating the pattern of spatial dispersion and spatial correlation during recessions (reproduced in figures 2,3,4 and 5) . Note that the model is calibrated to match average spatial correlation and dispersion but not their movement over the cycle. To assess this we feed the model aggregate shocks so to generate a typical US recession, i.e.
one in which unemployment increases by about 3% over the course of the recession and the increase lasts about 16 months. In figure 8 we plot the path of unemployment, spatial correlation and spatial dispersion during the recession. Note that interestingly the model generates an increase in spatial dispersion and in spatial correlation during the recession. The increase in spatial dispersion is easy to understand. the aggregate shock here is modelled as an increase in probability of switching in to high unemployment (from low unemployment) and a fall in the probability of switching into low unemployment (for counties which are in high unemployment). This implies that when the recession hits, the fraction of counties with high unemployment will increase and this will in general increase spatial dispersion.
The increase in spatial correlation is more subtle and it comes from the fact that there are more counties in recession and counties in recession are more sensitive to idiosyncratic shock and thus more sensitive to the impact of their neighbors. The reason why counties in recession are more sensitive to idiosyncratic shock is that recession is a less persistent state than expansion and thus there is a higher probability that an idiosyncratic shock will cause the county to change state.
Our second result concerns with the importance of the local transmission effects for the impact of aggregate shocks. In order to evaluate this we feed our model the same aggregate shock we used in the previous figure and then we evaluate the aggregate unemployment response to the shock first reducing the local contemporaneous correlation of idiosyncratic shocks (i.e. setting the parameter λ = 0) and then eliminating the local spillover effect from unemployment today in neighboring counties to unemployment tomorrow (i.e setting the parameter φ = 0). Figure 11 shows the path of unemployment under these two assumption. The figure shows clearly that in both cases the local transmission effect has a significant amplification on the aggregate shock.
The intuition for this result is that when local economic conditions are correlated, county idiosyncratic conditions tend to average out i.e. the relevant idiosyncratic shock for a county is an average of the shocks of all its neighbors. As a consequence the distribution of aggregate shocks is less disperse and aggregate shocks, which we model as a change in threshold, can have a more widespread effect, i.e. it can trigger more counties to switch. Obviously these results do not necessarily prove the existence of spatial transmission effects in the data, as results are dependent on the model. However, they suggest that local transmission mechanisms can have big amplification effects on the magnitude and duration of unemployment cycles. Also, importantly, our simple model includes a reduced form mechanism through which high unemployment can transmit from one county to another but it is silent on the source of the transmission. We would like to conclude this section by exploring a plausible mechanism, namely housing prices, which might be relevant for the geographic transmission of unemployment, especially during the Great Recession. The underlying idea is that changes in housing prices in a given county can affect unemployment in that county (for a specific channel that can cause this see Mian, Rao and Sufi, 2011). At the same time, through mobility of households, it is plausible to think that changes in housing prices in a given county will affect changes in housing prices in neighboring counties (see for example the work of Campbell, Giglio and Phatak, 2011). It follows that, through housing prices, high unemployment can transmit from one county to its neighbor.
Using county level monthly price data provided by Zillow 7 , we examine the geographic properties of the evolution of housing prices. Figure 10 
Conclusions
The main contribution of this paper is to argue that local, geographical factors, which are usually not used in macro analysis might be very important to understand aggregate business cycle dynamics.
It suggests that a more detailed study of the exact channels through which economic activity is 7 Additional information on the Zillow data is provided in the Appendix 
Appendix

A The Spatial Autoregressive Model
To measure the association between unemployment in one county and its neighbors we use the following so-called spatial lag model. 8 u it = ρ t 1 N i j =i w ij u jt + X it β t + ε it it ∼ N (0, σ 2 I n )
where u it represents the de-meaned unemployment rate for county i in period t and ρ t is called the spatial autoregressive coefficient and describes the overall association between unemployment in each county and unemployment in all nearby counties. Here w ij is an element of a spatial weights matrix W in which the element in column j of row i equals 1 if counties j and i share a border and 0 otherwise, note that w ii = 0 for all i. X it is a standard matrix of (optional) control variables and ε it is assumed to be a normally distributed error term.
As demonstrated in LeSage (1999) , the inclusion of a spatially lagged dependent variable introduces an endogeneity which biases standard OLS estimation of ρ t . To help further illustrate this endogeneity, consider a large positive shock in ε it . This shock increases the unemployment rate u jt of bordering county j by the amount ρ t 1 N j w ji ε it which in turn reflects a portion back to county i.
This transmission across counties violates the strict exogeneity assumption required by OLS (i.e.
E ε it | 1 N i j =i w ij u jt = 0). In order to correct for this bias we employ the maximum likelihood procedure outlined in Anselin (1988) . Note we slightly modify the use of W here in that the rows have been normalized to sum to 1 (i.e. rows have already been multiplied by 
B Zillow
We use a monthly time series of county level housing data from the Zillow Home Value Index time series which runs from April 1996 through November 2011. The index seeks to provide an unbiased estimate of the monthly median level home value by county 9 . Excluding Hawaii and Alaska, the final dataset provided by Zillow includes complete time series for 623 counties and partial time series for an additional 16 counties. The 639 counties included in the index were admitted based on a rubric of five criteria including sparseness of data and unreasonable temporal volatility 10 .
9 Additional information on how the index is created is provided on the Zillow Research site and can be found at http://www.zillow.com/blog/research/2012/01/21/zillow-home-value-index-methodology/ 10 A complete list of the criteria for inclusion can be found at http://www.zillow.com/blog/research/2012/01/21/zillowhome-value-index-methodology/
